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rule is to use the subscale scores of the test as predictor variables in a regression
model to estimate an outcome value for each individual. The coefficients in this model
are estimated with ordinary least squares and the predictive performance of the rule
is estimated out-of-sample. Recently, studies used the separate items as predictors and

ﬁgﬁoﬁared error estimated the regression coefficients with statistical learning methods to improve the

Statistical learning predictive performance of these tests. However, it is unclear whether this approach is

Bias-variance trade-off always beneficial. The aim is to identify factors that influence the decision whether to use

Cross-validation items or subscales in a prediction rule, or letting the data decide between these two types

Elimt?“Siort‘ reduction of rules. Several statistical methods are used to derive the prediction rules: ordinary least
astic ne

squares, factor score regression, elastic net, supervised principal components, and principal
covariates regression. Data from two empirical studies is analyzed and a simulation study
is performed. Overall, results showed that, contrary to earlier findings, item rules are not

always better than subscale rules. Subscale rules from elastic net often performed best.
© 2023 The Author(s). Published by Elsevier B.V. This is an open access article under the
CC BY license (http://creativecommons.org/licenses/by/4.0/).

Principal covariates regression

1. Introduction

Many studies and applications use psychological tests to predict outcomes. Garnefski and Kraaij (2007) for example,
created the Cognitive and Emotion regulation questionnaire (CERQ) and used it to predict anxiety and depression. Similarly,
Cubiks (2018) created the Personality and Preference Inventory-Normative (PAPI-N) and used it to predict job performance.
A common approach is to use the total test score as a predictor variable in a multiple regression analysis; the fitted model
can be used to predict the outcome value for new individuals and is referred to as a prediction rule (Hastie et al., 2001). For
a psychological test, a prediction rule consists of a weight for each item and a rule to combine the items (e.g., summation).

Psychological tests are usually designed to measure multiple constructs or dimensions. These tests, more commonly
known as multidimensional tests, consist of items that can be grouped into several subscales. For example, the CERQ
consists of 36 items, which are grouped into nine subscales. The standard approach to derive a prediction rule from a
multidimensional test includes two steps:
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1. Sum the items that belong to the same subscale. The item grouping is usually determined in previous research on a
test’s construct validity. The subscales are often based on a unit-weighted sum of a group of items.
2. Regress an outcome variable on these subscales in a multiple linear regression model using ordinary least squares (OLS).

In step one, the predefined structure of a test is used, and in step two, a prediction rule is derived from a model using the
subscales as predictors. The resulting rule is referred to as a subscale rule in which the items within a subscale have equal
weights. If step one is skipped and the individual items of the test are used as predictors, an item model is used, and a rule
from this model is called an item rule. In this rule, the items within a subscale can have unequal weights.

Unlike a subscale rule, an item rule allows for a more proper estimation of potential unique outcome-related information
of the items, which may increase the prediction strength of a test (Seeboth and M&ttus, 2018). Recent studies showed
evidence supporting the use of item rules. For example, several studies showed that item rules were consistently better
than subscale rules in terms of predictive performance (Seeboth and Mattus, 2018; Putka et al., 2018). Seeboth and Méttus
(2018) found that item rules had higher predictive accuracy in predicting 39 out of the 40 outcomes they investigated.
Putka et al. (2018) found that item rules performed consistently better on average. A study from Schmid and Dusseldorp
(2010) showed that only one item from a 23-item subtest measuring sociolinguistic and personal background was found to
be a significant predictor of verbal fluency, while the extracted subscales from the same test were not predictive.

Based on these studies, using the items directly seems to be a better approach. In spite of this, careful consideration of
the statistical methods used for deriving item rules should not be overlooked. Often, OLS is used for prediction. However,
if the number of items is larger than the available sample size, OLS cannot be used to derive an item rule, simply due to
estimation problems. In addition, items that belong to the same subscale are likely to be highly correlated, which increases
the risk of unstable estimates. Such unstable estimates can result in unstable predictions, thus leading to inaccurate predic-
tions for new samples. The limitations of OLS can be overcome with the methods from the field of statistical learning (i.e.,
machine learning) such as regularized regression (Zou and Hastie, 2005; Tibshirani, 1996; Hoerl and Kennard, 1970).

Several studies have used item rules in combination with statistical learning methods. Chapman et al. (2016) found that
item rules from statistical learning methods had better out-of-sample prediction accuracy than those from a generalized
linear model. Seeboth and Mottus (2018) used a regularization method to estimate item rules, knowing that OLS leads to
sub-optimal coefficients for prediction due to the collinearity between the items. Putka et al. (2018) found that item rules
from statistical learning methods performed better than OLS, especially in small samples.

Despite its growing usage and evidence supporting the use of item rules, it is unclear whether it is always better to
ignore the standard approach and use the item rules derived from statistical learning methods. When it is unlikely that
unique outcome-related information in the items is present, the payoff of using item rules instead of subscale rules may
not be worth the additional effort. In addition, the grouping of the items into the subscales is originally meant to represent
(an aspect of) a psychological construct, which makes the interpretation of a subscale rule easier and require less modeling
effort.

The proponents of item rules would argue that they are better than subscale rules because the grouping inherent in
making subscales ignores the items’ unique-outcome information. Therefore, grouping items into subscales and then esti-
mating a rule is probably not the optimal way to predict. This idea is supported by Seeboth and Méttus (2018) who found
that after gradually removing five of the most predictive items (identified by elastic net) from the corresponding subscales,
the subscale rule’s predictive accuracy reduced substantially. However, the reduction could also be due to the decrease in
the reliability of the subscales and not due to the loss of unique item-outcome information (Seeboth and M&ttus, 2018). In
sum, it is still unclear whether the standard approach is always worse than using the items.

In this study, we aim to identify the conditions in which item rules have better predictive performance than subscale
rules and vice versa. Deciding beforehand whether to use items or subscales to build a rule means that we assume one
approach will lead to better predictions than the other. Alternatively, we can remove this assumption by letting this choice
be made in a data-driven way. Thus, we will also investigate in which situations it is better to let the data decide the
type of rule. To understand why item and subscale rules work best in certain situations, we utilize the bias and variance
trade-off, a guiding principle in statistical learning. The predictive performance of a rule is judged by its prediction error,
which consists of bias and variance. Understanding how to trade off bias and variance of a prediction rule is an important
skill to develop well-performing item and subscale rules.

Two studies have previously compared subscale and item rules but only on real data (Putka et al., 2018; Seeboth and
Mbttus, 2018). Analysis on real data gives more attention to how variance plays a role in prediction error and less to how
bias (i.e., how a rule is close to the true model) plays a role. In our study, we compare item and subscale rules not only
on real data but also on simulated data. Studying these rules on simulated data gives more insight into the behavior of
the prediction rules and more insight into how the bias and variance trade-off works as we have control over the data
characteristics and the true model in the population.

As a starting point, we first discuss the bias-variance trade-off and expected prediction error. We then describe the
methodology used in this study. Third, we evaluate and discuss the prediction rules on simulated data and real data. Finally,
we propose practical suggestions, limitations, and future directions.
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2. Bias-variance trade-off and expected prediction error

The process of deriving a prediction rule that performs well in future samples involves balancing the trade-off between
bias and variance (Hastie et al.,, 2001). We usually estimate an outcome variable denoted as Y as a function of a random
variable X with a multivariate distribution (X represents items or subscales). f(X) is the true rule in the population. In
general, we estimate f(X) with prediction rule f(X).

How well f(X) predicts in the population is formalized by the expected prediction error

EPE=Ex.y [{Y—f(X)}Z], (1)

which is the mean squared error of f(X) (Bishop, 2006).

In practice, we deploy statistical methods to estimate a rule on a training set D (a sample of observations of one
data set) and return a prediction rule, typically formalized as f(X ; D). Often, we are not interested in the performance
of a fixed prediction rule but rather in the average performance of rules estimated for multiple data sets from the same
population. Thus, we replace the squared distance of the predictions and the true values {Y — jA"(X)}2 with its average across
multiple training sets Ep[{Y — ]‘(X : D)}?], where the random variable D represents a random training set. Inserting this
into Equation (1) leads to the expected predictor error for a rule estimator, which includes the type of rule and statistical
method,

EPE=Exy [En[(Y - JX: D] @)
The EPE for a statistical method can be decomposed as follows (Bishop, 2006, Section 3.2)
EPE = (Bias)® + Variance + Irreducible error. 3)
X 2

(Bias)? = Ex [[ Ep.[Jx: D] - F0] ] . (4)

n - 2
Variance = Ex [ED [{f(x; D) — Ep [f(x; D)]] H . (5)
Irreducible error = Ex y [{Y — f(X)}z] . (6)

The irreducible error part of the EPE can be shown as the lower bound of the prediction error. The reducible part of the
error, also known as the Mean Squared Error (MSE) of an estimator, composes of squared bias and variance of a prediction
rule. The MSE of an estimator (MSE = (Bias)® + Varlance) is the part that we can control. Squared bias reflects how
close we are to f(X) when averaging the estimated rules f (X; D), variance reflects the degree to which f (X; D) varies
from training sample to training sample. In general, we may see bias as mainly affected by fitting an incorrect model and
variance as mainly affected by sampling variation. EPE is the sum of these two aspects plus the variance of Y in new
observations. The EPE is a theoretical quantity and therefore has to be estimated.

In data analysis, we estimate EPE by evaluating the predictions from a chosen f(X ; D). A chosen f”(X; D) can have
different compositions of bias and variance, for example, high bias and low variance or low bias and high variance. Choos-
ing }’(X; D) involves knowing how to trade off its bias and variance. For this purpose, it is helpful to formulate several
expectations under which rules would perform better. These expectations depend on the true model in the population:

1. A subscale population model is defined as

K

FX)=bo+ ) bys. (7)

k=1

where s; denotes the k" subscales. Subscales are defined as

J
S = ZXjk.
j=1

Xji is the jth item of subscale k and J is the total number of items per subscale. In this situation, estimated subscale
rules have no bias because they follow the true model. Furthermore, a subscale rule can be seen as an item rule with a
restriction that items of the same subscale have equal weights. Therefore an item rule also has no bias like the subscale
rules. However, item rules might have more variance than subscale rules because of the larger number of parameters
to estimate.
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2. An item population model is defined as follows

J K
FX)=bo+) > biXik, (8)

j=1k=1

Note that b # b for several items belonging to the same subscale. In this case, estimated item rules have zero bias
and therefore perform better than subscale rules. However, an item rule has more or equal variance than subscale rules
depending on the N to P ratio. For example, for a test with 83 items grouped into 12 subscales, with a sample size
of 100, an item rule could yield worse predictions than a subscale rule because the N to P ratio is larger in the item
rules. However, as N increases, the difference in the ratio between the two rules eventually diminishes and item rules
become better than subscale rules (see OLS rules in Putka et al., 2018).

The bias and variance of a rule are not only influenced by which predictors are in the model but also by the statistical
methods used to estimate the model. OLS is known to have no bias provided the usual assumptions are met. Statistical
learning methods such as elastic net (Zou and Hastie, 2005), allow control over the variance of a prediction rule. The key
lies in a penalty parameter that is set by the user to control the balance of bias and variance. In general, rules from elastic
net have more bias than OLS, however, this bias gets traded off with lower variance that can result in lower prediction error.

Overall, any f(X; D) will have some degree of bias and variance, which means it can take on many forms. This seems
like a daunting task as there are many rules and statistical methods to choose from.

3. Methodology
3.1. Prediction rule estimation

Developing a prediction rule from a psychological test involves an interplay between the choice of using the items or
subscales (or both) and statistical methods. In this study, we consider both items and subscale rules. As for the choice of
methods, a natural first choice is OLS. Another method we evaluate is elastic net, which modifies the loss function of OLS.
Elastic net is applied to both item and subscale rules as was previously done in Putka et al. (2018) and Seeboth and Mdttus
(2018).

Apart from OLS and elastic net, we consider three approaches bearing similarities with using subscales for prediction:
Factor Score Regression (FSR; Skrondal and Laake, 2001; Devlieger et al., 2016; Devlieger and Rosseel, 2017), Supervised
Principal Components (SPCA Bair et al., 2006) and Principal Covariates Regression (PCovR; Vervloet et al., 2015; De Jong and
Kiers, 1992). In FSR, we group the items in the same way as in the subscales, thereby theory-driven. The only difference is
that the items can have unequal weights that form the factor scores, of which the weights are obtained by performing a
confirmatory factor analysis (CFA) on the items. In SPCA and PCovR, the grouping of the items into subscales is data-driven
by not only taking into account the covariance matrix of the items (performing a principal components analysis (PCA) or
CFA on only the items) but also taking into account the items’ association with an outcome variable.

SPCA and PCovR find a set of components that summarize the items and use them for prediction. These methods differ
from using the subscales and factors in the following way. First, the number of components retained from the results of
these methods may be different from the original number of subscales. Second, the composition of which items load highly
on which components may differ from results of a PCA that was performed only on the items.

A description of the statistical methods and their implementation in R (R Core Team, 2020) is provided in the Appendix.
In the next section, we formally define the prediction rules considered in this study.

3.2. Prediction rules

Let K denote the number of subscales, | denote the number of items in a subscale and Q denote the number of
extracted components. In addition, let y be a vector of outcome scores, X be a vector of item scores, b denote a regression
coefficient, f be a vector factor scores, and z be a vector of component scores. Component scores are defined as the weighted
sum of item scores.

1. Subscale rule, where we use the subscales as the predictors in a rule

K
y=bo+ ) bis. (9)
k=1

2. Factor score rule, where we use factor scores as the predictors in a rule. Factors are obtained from CFA

K
f’=b0+2bkfk. (10)
k=1
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3. Item rule, where we use the items as the predictors in a rule

] K
V=bo+» > bjXi. (11)

j=1k=1

4. Component rule, where the components are the predictors in a rule. Components are derived from the items and may
either be composed of items that correlate to a certain degree with the outcome (i.e., SPCA on items) or of all the items
(i.e., PCovR on items)

Q
V=bo+ ) byzg. (12)
q=1

where z, is the g™ principal component extracted from the items, and Q is the total number of components extracted
from the results of either SPCA or PCovR. Note that component rules can also be considered item rules as the items can
have unequal weights.

5. Data-driven rule, estimated by a meta-method with elastic-net, which treats the input variables (i.e., items or subscales)
as an additional hyperparameter (see Appendix). The algorithm will select a final rule with the lowest prediction er-
ror estimated using ten-fold cross-validation (CV). By removing the assumption of which scores are predictive, bias is
reduced. However, variance increases because another parameter needs to be selected.

3.3. Predictive performance

In general, we can create eight prediction rules in this study: item rules from OLS and elastic net, factor rules from
FSR, component rules from SPCA and PCovR, subscale rules from OLS and elastic net, and the data-driven rules from the
meta-method. The predictive performance of OLS and FSR rules are estimated using ten-fold CV and the performance of
other rules using nested ten-fold CV.

In the following we describe the difference between CV and nested CV. We begin by describing the simplest strategy to
evaluate predictive performance. On a single sample, the simplest strategy is to split the data into a training and test sample.
If a rule requires setting hyperparameters, we split the data into training, validation, and test samples. We fit our prediction
rules in the training sample and evaluate their performance on the validation sample. One prediction rule that leads to the
best performance in the validation sample is then selected. In this type of model selection, hyperparameter selection can be
seen as a special case. The estimated prediction error MSE, of the selected rule in the test sample provides an unbiased
estimate of EPE.

To increase the efficient use of the data, we can improve the procedure to validate and test our rules using V -fold CV,
where V =10 in this study. This leads to a nested ten-fold CV. In general, nested CV (with any number of folds) is used for
methods with hyperparameters (Varma and Simon, 2006). Note that the choice of the number of folds V is a bias-variance
trade-off problem and it is recommended to set V = 10 as a good compromise for this trade-off (De Rooij and Weeda,
2020). With V < 10, we can expect more bias but less variance, with V > 10, we expect less bias but more variance.

In nested ten-fold CV, we partition the data into different parts. These parts are used for model selection (validation
sample) and assessment (test sample), of which these parts are usually referred to as inner and outer folds, respectively. In
the inner nine folds, we perform another ten-fold CV to select a rule and train a rule on the inner nine folds and assess
its performance on the left-out outer fold. The predictive performance is based on the average prediction errors of all ten
outer folds. We refer to these average errors as the Mean Squared Error of Prediction (MSE ), which is an estimate of the
EPE mentioned in a previous section. MSEp, based on (nested) CV

10
1 A
MSEpr= 3> (viv = f 7" &kiv), (13)

vV iev

where f“’(X) denotes the predictions obtained from prediction rule estimated without the observations in fold v. The
MSE, is the prediction error averaged over folds. In the empirical examples, we repeated the (nested) CV 100 times. Thus,
the estimated prediction error MSEp, is averaged over repetitions.

4. Monte Carlo simulation

We conducted a simulation study to obtain an overall insight into which rules performed better in various scenarios
by fixing certain data characteristics and the true model in the population. The levels of the design factors were inspired
by theoretical ideas on how varying data structures would affect the bias and variance trade-off and by the structure of
the empirical examples, which will be described after the simulation study. The simulation study was divided into two
experiments, determined by whether the true prediction model was based on component scores (experiment 1) or item
scores (experiment 2).



B.C. Pratiwi, E. Dusseldorp, ].D. Karch et al. Computational Statistics and Data Analysis 185 (2023) 107767

4.1. Data generation
Let X, be a vector for the jt" item of component k. Observed item scores were generated by

Xjk =V jkZk + €ji, (14)
where 2z, is a vector of component scores for component k, v j is a component loading for item j for component k and e j,
is the error term for item j of component k. Component scores are collected in Z (matrix of N by K) and were drawn from
a multivariate normal distribution N (0, ®), where @ denotes the covariance matrix with variances one and covariances p.
Component loadings v j; were sampled once from a uniform distribution ranging from .4 to .8 (unequal) or from .6 to .7
(more or less equal). Component loadings are collected in V, a P by K matrix for P items and K components. We fixed the
loading matrix V in such a way that only one component loads on a certain group of items. Error terms are collected in E,
an N by P matrix, and were generated following a multivariate normal distribution N (0, §) where £ is a diagonal matrix
with 1 — v?k on the diagonal.

With the generated component matrix Z and observed item scores matrix X we simulated values for the outcome
variable using

V=Zw + X +€,

where @ is a vector of regression coefficients of the component scores and B is a vector of regression coefficients of the
item scores. The error term € was drawn from a normal distribution with mean zero and variance 02 =1 — R? and R? is
fixed at 0.4.

We used two main variations of the above prediction model to generate the outcome variable. This variation gave us our
two experiments.

e By setting § = 0 (experiment 1), components are predictive. Note that all the items are also predictive, but their effects
on Y are through Z. We varied the percentage of signal components from 25% to 100% in increments of 25%. The
percentage of signal components determined how many component scores were predictive. For example, if there were
six components and 50% signal components, then the first three components were the true predictors of the outcome.
The last three components had zero coefficients (wy, = 0) whereas the first three components had coefficient values
determined by the following

R2

Ktrue .2 Ktrue Ktrue
k=1 92, + 2205 il 07z,

Wy =

)

where Kie is the number of components that are the true predictors of Y.

e By setting w = 0 (experiment 2), items have direct predictive effects. The number of predictive items in the components
was controlled by varying the percentage of signal items from 25 to 100% in increments of 25%. In this setting, the
percentage of signal components was fixed at 50%, so half of the components had at least one predictive item. The
percentage of signal items determined how many items per component had non-zero Bj;. For example, in the situation
where there were eight components with eight items per component and 25% signal items, for each of the first four
components, two of its items had equal non-zero g coefficients. These coefficients were derived using the following

R2

]true Ktrue 2 ]true ][rUE Ktrue I<U'Ll€ ’
Zj:] k=1 Oxjk +2 Zj:] h=1 josp ~k=1 Zk’:l Ox jiXpe

Bik =

where Jiyue is the number of predictive items per signal components and Ky is the number components that have
predictive items.

In summary, for experiment 1, we had the following conditions: signal components (4), training sample size (3), number
of items per subscale (2), number of components (2), correlation between components (3), and range of component load-
ings (2). With a fully crossed design, this gave 288 conditions. Note that the number of components manipulated in this
experiment also indicates the number of subscales in a test. In this design, we were able to cover a situation where there
is a small sample of 100 but a large number of subscales (K = 20). In addition, as we fix the component loadings, we were
able to set the lower bounds of Cronbach’s alpha for a single subscale to be either approximately .61 (unequal loadings) or
.72 (equal loadings).

For experiment 2, we used the same 288 conditions but we varied the percentage of signal items instead of signal
components. Note that the number of components also refers to the number of subscales in a test.

The simulation started with data generation for the training and test samples. For each cell of the design, we generated
observed item scores and an outcome variable based on a true prediction model. We generated 100 training samples and
1 test sample of 10,000 for each cell of the design. An overview of the design factors in the simulation study is shown in
Table 1.
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Table 1
Design Factors for the Simulation Study.

Description Symbol Levels

True Prediction Models
Experiment 1 8 =0

% Signal components 25%, 50%, 75%, 100%

Experiment 2 ® =0

% Signal items 25%, 50%, 75%, 100%

Data Characteristics

Training Sample Nerain 100, 300, 500

Number of items per component J 4,8

Number of components K 8, 20

Correlation between components P 3,57

Range of loadings Vijk - approximately equal (range from .6 to .7)

- unequal loadings (range from .4 to .8)

4.2. Analysis

OLS item rules were excluded in this simulation study as we know that given the bias-variance trade-off, OLS item rules
perform best with large training samples in which variance approaches zero. In addition, OLS item rules cannot be fitted in
the condition where the number of predictors is larger than the number of observations (a condition we simulated in this
study). Thus, we estimated the following prediction rules on the training samples:

. Subscale rules from OLS

. Factor rules from FSR

. Item rules from elastic net

. Subscale rules from elastic net
. Meta-method rules

. Component rules from SPCA

. Component rules from PCovR

9O YN WN

Subscales were computed as the unweighted (i.e., unit weighted) sum of the items that were generated using the same
components, while factors were based on the weighted sum of the items.

4.3. Evaluation criteria

Since we generated the data in the simulation study, we used a simpler approach to evaluate the estimated prediction
error MSE ;. This estimate was evaluated on a large test sample of size 10,000. A uniform test sample enabled a fair com-
parison of the prediction rules. Note that in the training samples, ten-fold CV was performed to tune the hyperparameters.

To evaluate the performance of the rules, we first computed the percentage of conditions (i.e., 288 cells of our design)
for which each rule had the lowest estimated prediction error MSEp, averaged over repetitions. To identify which design
factors influenced predictive performance, for each experiment, we performed two full factorial Mixed ANOVAs. The first
Mixed ANOVA was performed with MSEp, as the outcome variable, Rule (seven levels) as the within-subjects factor, and
the other design factors that were varied in the experiments as the between-subjects factors. In the second Mixed ANOVA,
we set Rule as the within-subjects factor, and OLS subscale and FSR rules were excluded.? We performed this Mixed ANOVA
to gain more insight into the differences in performance between the statistical learning rules (i.e., elastic net, meta-method,
SPCA, and PCovR).

As we were mostly interested in the difference in predictive performance between the rules, we focused on the eval-
uation of the within-subjects effects. These included effects of Rule and the interactions between Rule and other design
factors. We only discuss highest order interaction effects with partial-eta squares 1712, > .06 indicating at least a medium
effect size based on the guidelines in Cohen et al. (2013) (1712j =.01 and 1712, = .14 are cut off values for small and large
effects, respectively).

2 FSR rules were initially included in the second Mixed ANOVA but the solution revealed no change in which of the effects were large (and the order)
only that the magnitude of the effect sizes were simply lower than the effects in the first Mixed ANOVA. Therefore, we chose to show the results of the
solution that also excluded FSR rules.
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4.4. Some result expectations

As we know the true data generation model, we provide several expectations that are mainly based on the bias of a rule.
These expectations are better understood assuming that we have a large sample because then the variance becomes small,
therefore, the bias would play a more important role in a rule’s predictive performance.

With regards to experiment 1 where components are predictive (8 = 0) we expect the following results.

1A Item rules from elastic net will perform similarly or worse than the other rules because elastic net item rules may
shrink the coefficients of the items within a subscale (component) to zero. Thus, they have more bias.

1B Predictive performance of all rules should not depend on the percentage of signal components that are predictive in the
true model because all rules would be able to capture the predictive ability of each component.

1C The difference in predictive performance between subscale rules and other rules should be influenced by the range of
the component loadings. When component loadings are unequal, rules build directly from the items (i.e., item rules
from elastic net, factor, and component rules) should perform better than subscale rules, simply because the subscales
are based on unweighted sums (thus equal weighting) of the items. Thus, when loadings are approximately equal,
subscales would perform similarly to rules from the items.

1D The performance of FSR factor, and PCovR and SPCA component rules should be comparable as they assume that the
effect of items on the outcome is indirect via factors or components. In addition, component rules will have lower bias
than item rules from elastic net, resulting in better predictive performance.

With regards to experiment 2 where items were directly predictive (@ = 0), we expect the following.

2A When there are 100% signal items within a component, subscale and factor rules should perform comparably with item
and component rules. However, as the percentage of signal items decreases, item and component rules should perform
consistently better than subscale and factor rules.

2B The difference between prediction rules should be influenced by the number of items in each component (8 or 4).
When there are more items, item and component rules should perform better than subscale rules, because in subscale
rules more items are being forced to have equal contributions to the prediction, which results in more bias.

2C When the component loadings are unequal and we have 100% signal items, rules from the items should perform better
than subscale rules. When component loadings are approximately equal, the item and subscale models are essentially
equivalent in the simulation since Bjs are equal.

2D Elastic net item rules would perform consistently better than factor and component rules in cases where not all the
items in a subscale are predictive. The reason is that elastic net allows for the proper estimation of the direct effects
of the items on the outcome whereas factor and component rules only allow for indirect effects of the items on the
outcome.

4.5. Simulation results

The results are sectioned based on the experiments. Summary tables of the results from the Mixed ANOVAs are in the
Appendix in which we display the top 10 within-subjects effects (Tables A.4 to A.7). In most of the figures in this section,
the scale of the y-axis was fixed (min = 0.60, max = 0.80). The minimum value of the y-axis refers to the theoretical lower
bound of the prediction error in the simulated population (var(Y) — R* =1 — .4 = 0.60). For each experiment, before we
identify which design factors affect the choice between the prediction rules, we provide an overview of the percentage of
conditions for which each rule had the lowest estimated prediction error MSE, averaged over repetitions.

4.5.1. Experiment 1: components are predictive

Fig. 1 visualizes an overview of the percentage of conditions for which each rule had the lowest estimated prediction
error averaged over repetitions in experiment 1. As shown in this figure, out of 288 conditions, in the majority of the cases,
elastic net subscale rules performed best on average. Component rules from PCovR and SPCA came in second and third.
Item rules from elastic net and meta-method rules never had the lowest estimated prediction error on average in any of the
cases. In a few of the conditions, FSR rules had the lowest estimated prediction error averaged over repetitions.

From the Mixed ANOVAs, we obtain insight into which situations influenced the difference in performance between the
six prediction rules. In the first Mixed ANOVA, we found that (see Table A.4) the differences in average MSEp, between
the rules largely depended on the number of components, and training sample size, as indicated by a 77129 of .152 for the
Rule % K * nggqin three-way interaction. This interaction effect is visualized in Fig. 2. As shown in the figure, this effect
was mainly driven by the difference between OLS (i.e., OLS subscale rules and FSR rules) and the other rules, especially
when the number of components is 20. In this situation, OLS subscale rules and FSR rules on average performed worse
than the statistical learning rules for every sample size, but the extent of this difference decreased when sample size
increased, whereas when the number of components is eight, OLS subscale rules and FSR rules performed comparably with
the statistical learning rules.



B.C. Pratiwi, E. Dusseldorp, ].D. Karch et al. Computational Statistics and Data Analysis 185 (2023) 107767

100%

Percentage of won conditions
o
(=3
S

39.6%
27.4%
0,
25% 24.3%
8.7%
0%
- o > o > o S
& «* & « & & N
P Q%Q‘ o & & QC}' &
S > Y & & O
¥ & Qﬁ D ]

Fig. 1. Percentage of conditions (out of 288) in experiment 1 for which the rules had the lowest estimated prediction error MSE,, averaged over repetitions.
Colors refer to input scores: green = subscales, blue = items, and red = both (i.e., meta-method). (For interpretation of the colors in the figure(s), the
reader is referred to the web version of this article.)
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Fig. 2. Estimated prediction error MSE,; in experiment 1 averaged over repetitions aggregated by training sample size and number of components K.
Points refer to the mean of the estimated prediction errors. The scale of the y-axis has been fixed to compare the interaction effects on the difference in
prediction errors between the six prediction rules. The minimum limit of .60 represents the theoretical lower bound of the estimated prediction error.

This three-way interaction effect partially supported our expectations. First, in regards to hypothesis 1A, when the num-
ber of components is eight, elastic net item rules on average performed as expected, that is, comparably with the other rules.
However, elastic net item rules on average performed better than OLS subscale rules when the number of components was
20 while we expected elastic net item rules to perform similarly or worse.

Second, hypothesis 1B was partially confirmed as the size of the interaction effect between Rule and percentage of signal
components (nf, =.047) was below our threshold, but was close to it and appeared in the top five. Third, we expected
that the range of the component loadings would affect the difference in predictive performance between the two types of
prediction rules (hypothesis 1C). However, the interaction effect between Rule and this design factor did not make it on the
top 10 within-subjects effects (Table A.4). In general, our results partially supported hypothesis 1D. SPCA and PCovR rules
performed similarly but FSR rules on average performed worse than SPCA and PCovR rules. In addition, it seemed that SPCA
rules on average performed slightly better than PCovR rules when there were 20 components with a small training sample
of 100 (see Fig. 2).

In regards to the meta-method, the predictive performance of its rules on average were consistently in between the
performance of elastic net item and elastic net subscale rules for almost all training sample sizes. For sample sizes of 500,
rules from the meta-method on average performed similarly to elastic net subscale rules.
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Fig. 3. Estimated prediction error MSEp, of five rules in experiment 1 averaged over design factors. Points refer to the mean of the estimated prediction
errors, bars refer to 95% confidence interval. The scale of the y-axis has been modified so we can compare the overall performances of the statistical
learning rules.
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Fig. 4. Percentage of conditions (out of 288) in experiment 2 for which the rules had the lowest estimated prediction error MSE,, averaged over repetitions.
Colors refer to input scores: green = subscales, blue = items, and both = red (i.e., meta-method).

In the second Mixed ANOVA, after removing OLS subscale and FSR rules, the effect of Rule remained medium to large
(7712, =.074), while the size of all other within-subjects effects (i.e., the interactions between Rule and any of the other
factors) were below our chosen threshold. The Rule % K * ngqip three-way interaction did not make it onto the top 10
(see Table A.5). Fig. 3 visualizes the main effect of Rule. On average, elastic net subscale rules had the lowest estimated
prediction error MSE,; compared to other statistical learning rules (see Fig. 3).

4.5.2. Experiment 2: items are predictive

In this experiment, elastic net subscale rules often performed best in most of conditions averaged over repetitions (see
Fig. 4), followed by elastic net item rules, which had the lowest prediction error in 32.6% of the conditions. Meta-method
rules on average had the lowest prediction error in very few cases.

In the first Mixed ANOVA (Table A.6), we found that the predictive performances of the rules mainly depended on the
size of the training sample n.qn, the number of components K, and the percentage of signal items. We found that there
was a large interaction effect between Rule and the percentage of signal items (77,2, =.183) and a large interaction effect
Rule % K * Ngrgin (77;2; =.181). These two interaction effects are shown in Fig. 5. In the first plot (Fig. 5a), we see that when
there were 25% signal items, elastic net items on average performed best, but slightly tied with the meta-method. However,
once the percentage of signal items was more than 50%, elastic net subscale rules on average performed best.

In Fig. 5b, when the number of components was 20, elastic net subscale rules on average performed best when training
sample sizes were small. OLS subscale and FSR rules on average performed worst for sample sizes below 500. When the
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Fig. 5. Estimated prediction error MSE,, in experiment 2 averaged over repetitions and other design factors that are not in the graph. Points refer to the
mean of the estimated prediction errors. The colors are explained in graph a. The scale of the y-axis has been fixed to compare the interaction effects on
the difference in prediction errors between the six prediction rules across figures. The minimum limit of .60 represents the theoretical lower bound of the
estimated prediction error.

number of components was eight, meta-method performed best on average for sample sizes above 100. OLS subscale rules
on average performed comparably with SPCA item rules and elastic net subscale rules.

These two interaction effects partially supported our expectations. In regards to hypothesis 2A, as the percentage of
signal items in a subscale increased, elastic net subscale rules increasingly performed better and eventually had the best
average performance when there were 100% of signal items (Fig. 5b). PCovR and SPCA component rules performed similarly
across the percentages. As for hypothesis 2B, this expectation is equivalent to a three-way interaction between Rule, the
number of items J, percentage of signal items, and training sample size. This effect was found to be small to medium
(n% =.041). Hypothesis 2C suggests a three-way interaction effect between Rule, the range of the component loadings, and
the percentage of signal items. As you can see this effect did not make it to the top 10 (Table A.6). In regards to hypothesis
2D, this expectation was met if there were less than 75% of signal items in the components (Fig. 5a). Elastic net item rules
also on average performed better than factor and component rules in conditions where there were eight subscales (Fig. 5b).
However, when there were 20 subscales and a small sample of 100 (Fig. 5b), PCovR and SPCA component rules on average
performed better than elastic net item rules, and FSR rules performed worst on average.
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Fig. 6. Estimated prediction error MSE,; of five rules in Experiment 2 averaged over repetitions and other design factors not in the graph. Points refer
to the mean of the estimated prediction errors. The colors are explained in graph a. The scale of the y-axis has been modified so we can compare the
predictive performances of the statistical learning rules across the figures. The minimum limit of .60 represents the theoretical lower bound of the estimated
prediction error.

In the second Mixed ANOVA, we found that the interaction effect Rule % K * ngqip no longer was in the top 10 within-
subjects effects. However, the difference in predictive performance between the rules remained dependent either on only
the size of the training samples ()712J =.061) or only the number of components (77;2; =.061). The difference between rules
from statistical learning methods remained largely depended on the percentage of signal items (}712J =.168). For a summary
of the results see Table A.7.

The effects from the second Mixed ANOVA (Table A.7) are visualized in Fig. 6. In the first plot of this figure, we see the
same trend as in Fig. 5a where the predictive performance of elastic net subscale rules increasingly performed better on
average as the percentage of signal items increased. In Fig. 5b, we see that elastic net subscale rules performed best when
the training sample size is 100, while for larger sample sizes the meta-method rules performed best. In the last plot of this
figure, we see that when there were eight components, the meta-method on average performed best whereas when there
were 20 components, rules from elastic net, SPCA, and PCovR performed comparably.

5. Empirical examples

In this section, we present two empirical data applications in which we compare the predictive performance of several
prediction rules.

12
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Fig. 7. Prediction Performance (MSE ;) from repeated ten-fold CV for Data set 1 against prediction rules. Bold line refers to the median estimated prediction
error of the 100 repetitions and the bars refer to the first and third quartiles of these repetitions. Colors refer to input scores: green = subscales, blue =
items, and both = red (i.e., meta-method).

5.1. Data Set 1: description

Data set 1 came from a study on the psychometric properties of the Cognitive and Emotion Regulation Questionnaire
(CERQ) in an adult general population (Garnefski and Kraaij, 2007). Items of the CERQ are aimed at measuring cognitive
and emotional coping and can be used to predict depression. We used the CERQ test scores measured in the year 2000, and
scores on depression measured one year later. Listwise deletion was performed to ensure that we have the same sample
size to estimate item and subscale rules. As a result, the sample size was reduced from 297 to 240 in the analyses.

The CERQ consists of 36 items that form nine subscales, each containing four items. An example of an item is “I feel
that I am the one to blame for it”. The items are answered using a 5-point Likert scale ranging from 1 (almost never) to 5
(almost always). Scores for each subscale may run from four to 20. The subscales represent the following coping strategies:
Self-blame, Acceptance, Rumination, Positive Refocusing, Refocus on planning, Positive reappraisal, Putting into perspective,
Catastrophizing, and Blaming others. The Cronbach’s alpha of these subscales ranged from .69 to .89 with average inter-item
correlations per subscale that ranged from .36 to .67. The range of the correlation between subscales was from —.07 to .71.

The outcome variable was the sum of sixteen items measuring depression from the Dutch translation of the Symptoms
Check List (Arrindell and Ettema, 1986). Items are answered on a 5-point Likert scale ranging from 1 (not at all) to 5
(very much). Original scores may run from 16 to 80. Due to a skewed distribution, the analyses were performed on a log-
transformed version. These scores run from 2.77 to 4.38.

5.2. Data Set 1: analysis and results

We applied eight prediction rules for this data set: item rules from OLS and elastic net, factor rules from FSR, component
rules from SPCA and PCovR, subscale rules from OLS and elastic net, and the data-driven rules from the meta-method. The
predictive performance of OLS rules is estimated using ten-fold CV and the performance of other rules using nested ten-fold
CVv.

Fig. 7 shows the boxplots of the estimated prediction errors MSE, for the rules. As shown in the figure, using the items
along with statistical learning methods (not OLS or FSR) improved the predictive performance over the standard approach
of using subscales with OLS. Subscale rules from OLS and elastic net, and FSR rules tied in predictive performance. Item
rules estimated from OLS yielded the highest estimated prediction error on average. PCovR component rules had the lowest
prediction error on average. Prediction rules from SPCA, elastic net, and the rules from the meta-method slightly differed in
their predictive performances.

In Table 2, results show that component rules from SPCA and PCovR often selected one and six components, respectively.
These number of components were less than the number of subscales of the CERQ. SPCA often selected a single component
solution composed of nine items. A summary of the amount of variance explained of the selected items from the SPCA
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Table 2

Prediction Performance (MSE ;) averaged over 100 repetitions of the prediction rules in Data
set 1 sorted in ascending order with the mode of the total number of items (njtems) that was re-
tained in a prediction rule and the mode of the number of predictors (P) of the best-performing
rule over folds and repetitions.

Method Input MSEpr SD Nitems P
PCovR Items 0.088 0.001 36 6
SPCA Items 0.090 0.002 9 1
Elastic net Items 0.090 0.002 14 14
Meta-method - 0.091 0.002 - -
Elastic net Subscales 0.093 0.001 36 9
FSR Items 0.093 0.001 36 9
OLS Subscales 0.093 0.001 36 9
OLS Items 0.108 0.003 36 36

SD: computed as the standard deviation of the MSE; over 100 repetitions.
P in SPCA and PCovR are the selected number of components Q from the analysis.

Table 3

Prediction Performance (MSEp,) averaged over repetitions of the prediction rules to predict
overall job performance in the Data set 2 sorted in ascending order with the mode of the total
number of items (njrems) that was retained in a prediction rule and the mode of the number of
predictors (P) of the best-performing rule over folds and repetitions.

Method Input MSEpr SD Nitems P
Elastic net Subscales 82.837 2.199 161 27
Elastic net Items 83.556 4.632 161 161
Meta-method - 84.458 4.657 - -
PCovR [tems 84.808 4.682 161 2
SPCA Items 85.767 3.429 161 3
FSR Items 113.970 7.808 161 27
OLS Subscales 117.792 7.287 161 27

SD: computed as the standard deviation of the MSE, over 100 repetitions.
P in SPCA and PCovR is the selected number of components Q from the analysis.

solutions is given in Table A.8 in the appendix. The performance of the meta-method was approximately in between item
and subscale rules from elastic net.

5.3. Data Set 2: description

The second data set was from a predictive validity study of the Personality and Preference Inventory-Normative Third
Version (PAPI-N 3) predicting work performance measured by a multi-rater assessment (360) tool (Cubiks, 2018). Ninety-
two participants completed the PAPI-N 3 in early 2014 and work performance was measured towards the end of 2015.

The PAPI-N 3 is composed of 156 items measuring personality and five items measuring social desirability. Items are
answered on a 7-point Likert scale ranging from 1 (strongly disagree) to 7 (strongly agree) and can be summarized in a
total of 27 subscales (26 personality subscales and one social desirability subscale). Each personality subscale (i.e., Need
to influence, Need to be direct, Need to be organized, etc.) is comprised of six items. An example of an item is “I like to
take an organized approach to my work.”. Scores of these subscales may run from 6 to 42. Five items comprise the Social
Desirability scale with scores running from 5 to 35. The average inter-item correlations per subscale ranged from .34 to .76
and Cronbach’s alpha ranged from .75 to .95. In this test, the correlation between subscales ranged from —.47 to .66.

The outcome variable was a measure of overall job performance ratings from at least two raters measured by the 360, a
Cubiks multi-rater assessment tool (Cubiks, 2018), which consisted of 50 items. Raters can answer 1 (Substantial improvement
needed), 2 (Slight improvement needed), 3 (Effective), 4 (Very effective), and 5 (Role model). The outcome scores were based on
the sum of the weighted average of three subscales in this tool. Original scores may run from 22 to 110.

5.4. Data Set 2: analysis and results

For this data set, we developed six prediction rules. Item rules from OLS were not tested since the number of predictors
(P =161) exceeded the sample size (N =92) in this data set. Their predictive performances were evaluated in the same
way as in Data set 1.

As shown in Fig. 8, prediction rules from statistical learning methods had better predictive performance than OLS sub-
scale rules and FSR rules. Based on Table 3, elastic net subscale rules had the lowest estimated prediction error on average,
but as shown in Fig. 8, their difference with the second-best rule, elastic net item rules, was small. As for the meta-method,
automation did not improve predictive performance over choosing items or subscales beforehand.

As shown in Table 3, methods with variable selection such as SPCA and elastic net, often did not result in a reduction
of the number of items. For SPCA, these items were often summarized into three components. In Table A.9, we provide
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Fig. 8. Prediction Performance MSE, from ten-fold CV for PAPI-N 3 against prediction rules. Bold line refers to the median estimated prediction error of
the 100 repetitions and the bars refer to the first and third quartiles of these repetitions. Colors refer to the input scores: green = subscales, blue = items,
and both = red (i.e., meta-method).

a summary of the amount of variance explained by 1, 2, and 3 component solutions on the selected items from SPCA. In
addition, if we compare the values of the prediction errors between elastic net subscale rules (i.e., lowest prediction error)
and other rules, their predictive performances were similar as these other rules were within 1 standard deviation of the
elastic net subscale rules.

Until now we evaluated the performances of several prediction rules derived from the two empirical examples. In the
Appendix, we show how to obtain a final prediction and discuss the interpretation of the rules.

5.5. Conclusion empirical examples

If we assume that items contain unique outcome information in both empirical examples, we can make the following
observations. First, in Data set 1, item rules from OLS suffered from overfitting, so these rules exhibited too much variance.
OLS subscale rules and FSR rules performed better than OLS item rules because this variance was reduced, but they likely
had more bias as they only captured the items’ shared effects on the outcome. Finally, comparing OLS subscale rules and
FSR rules, and prediction rules from statistical learning methods, OLS and FSR rules had more bias than the item rules from
elastic net and more bias than component rules from SPCA and PCovR. Elastic net item rules and the component rules can
estimate the unique item effects meaning that they had less bias and lower variance than OLS subscale rules and FSR rules.

Second, in Data set 2, OLS subscale rules and FSR rules suffered from overfitting and exhibited more bias than the
statistical learning rules. In addition, these rules also most likely had more variance than the other rules. By using elastic net,
the variance in the subscale rules was reduced, which lead to better predictive performance compared to OLS subscale rules
and FSR rules. However, assuming that there were unique item outcome information, elastic net subscale rules probably
had more bias than OLS subscale rules and other rules from statistical learning methods. PCovR and SPCA rules most likely
had more variance than subscale rules as it needed to estimate more parameters (i.e., component loadings and regression
coefficients of the components). However, its variance was balanced with a reduction in bias as items were allowed to have
individual weights.

Furthermore, the difference in the solutions for the empirical examples can be attributed to the difference in the N to
P ratio and the amount of collinearity between the items. It seemed that the improvement of statistical learning rules was
less pronounced in Data set 1 than in Data set 2. We suspect that this was due to the smaller N to P ratio for subscale
rules from OLS in Data set 2 (92/27) than in Data set 1 (240/9). We argue that OLS subscale rules in Data set 2 had a larger
variance compared to Data set 1 due to the smaller N/P in Data 2. Therefore, the use of statistical learning methods to
derive the rules was shown to substantially improve OLS-based rules (including FSR factor rules) in Data set 2 than in Data
set 1.

6. Discussion

Prediction rules from multidimensional psychological tests are traditionally obtained by fitting OLS regression models on
the subscales. Nowadays, researchers instead often fit a statistical learning model on the items directly, hoping that it leads
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to improved predictive performance. However, it is unclear whether this is always the best approach. Thus, we compared
several prediction rules that were either derived from the items, subscales, or both scores, in combination with OLS and
statistical learning methods on simulated data and on two empirical examples.

We conducted a simulation study to identify the conditions in which rules derived from the items, subscales, or data-
driven rules (letting the data decide between items or subscales by the meta-method) would perform best. Generally
speaking, the results of the simulation suggested that the use of subscale rules from elastic net was beneficial, particularly
in small samples. However, there were specific situations in which rules derived from either just the items or data-driven
rules (i.e., meta-method) would be better alternatives. These situations depended on the true data-generating model, train-
ing sample size, and the number of components/subscales. In experiment 1, in which the components were predictive,
SPCA component rules on average performed best when there were many components but small training samples of 100.
In experiment 2, where the items have direct predictive effects and the percentage of signal items was below 75%, results
indicated that elastic net item rules consistently performed better than component and subscale rules. However, the perfor-
mance of elastic net item rules was often tied or was worse than the meta-method rules. When training sample sizes were
large, meta-method rules often performed best on average. This suggests that when sample size is large, which means the
variance becomes small, it is beneficial to minimize bias by letting the data decide which scores to use.

Contrary to expectations, in both experiments, the range of the component loadings did not influence the differences in
predictive performance between subscale rules and rules build directly from the items (i.e., elastic net item rules, FSR factor
rules, and component rules from SPCA and PCovR). This suggests that differentially weighting the items within a subscale
was not beneficial. Thus, there is little to no gain in estimating factor scores in FSR because FSR rules had similar if not
identical predictive performances with OLS subscale rules.

What is more important is the method used to weigh the subscales in a prediction rule and not how items are weighted
to form the subscales. And this is mainly why elastic net subscale rules on average performed best in most conditions.
There are two other plausible reasons why elastic net subscale rules outperformed other rules. First, we simulated subscales
with acceptable reliabilities (i.e., Cronbach’s alpha lower bounds were either .61 or.72 for unequal and equal loadings,
respectively), implying that items within subscales were moderately to highly correlated. Note that these reliabilities are
often encountered in practical research (e.g., CERQ questionnaire of our empirical example). By differentially weighting these
items, the variance of a rule dominates the prediction error. Thus, it is beneficial to trade off this variance by increasing
bias through unit weighting. For tests with weaker reliabilities (i.e., Cronbach’s alpha < .5) or an unstable structure (i.e.,
different suggested subscales or grouping of the items for various samples), the advantage of unit weighting the items,
which increases bias but reduces variance, would probably not compensate for the increase in bias in the subscale rules. In
this situation, we expect that the bias in elastic net subscale rules would hamper predictive performance. Second, not only
the number of subscales in the analysis was the same as the number of components in the population but also elastic net
subscale rules always had the correct grouping. Having the same item grouping helped reduce the bias despite not using
different weights to sum the items. This is unlike SPCA or PCovR which allow for different weights to sum the items but
can have the wrong grouping of the items because the derived components are uncorrelated.

In both empirical examples, we found that rules from statistical learning methods outperformed OLS rules (i.e., including
FSR rules). This result was consistent with the results from Putka et al. (2018) for training sample sizes below 150. In the
first empirical example, item rules from statistical learning methods were better than subscale rules, a result in line with
Putka et al. (2018) who found that item rules were consistently better than their subscale counterpart regardless of method,
except when these rules were estimated using regression trees (i.e., CART). Seeboth and Mdttus (2018) also found that item
rules were consistently better than subscale rules with both rules estimated from elastic net.

In the second empirical example, OLS subscale and FSR rules had much lower predictive performance than the other
rules. This result was consistent with the finding in our simulated experiments when sample size was 100 and there were
20 components. In addition, although elastic net subscale rules yielded the lowest estimated prediction error on average, the
differences in predictive performance between other statistical learning rules were small. This suggests that which statistical
learning method was used did not matter. This result was similar to some of the results from Putka et al. (2018), who
previously found small differences in prediction accuracy between item rules estimated using statistical learning methods
except for CART.

6.1. Practical suggestions

Based on the results of this study we suggest the following. A general default is to use the item rules in combination
with statistical learning methods. In many situations, these methods are able to control the variance of the item rules due
to the high correlation among the items. However, in the following situations, other approaches are preferred. When sample
size is small relative to the number of subscales, subscale rules should be chosen, preferably fitted with elastic net. In
this setting, the variance of an item rule would probably be too high. Thus, by aggregating the items into unit weighted
subscales, variance is substantially reduced from having to estimate too many parameters. With the help of elastic net,
variance is reduced even more. In conditions where sample size is very large (i.e., 1000 or more), choosing between using
items and subscales via the meta-method is recommended as variance will be small despite having to estimate an additional
hyperparameter. Finally, in tests with a clear and stable grouping of the items (i.e., small cross-loadings and subscales with
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moderate to high reliabilities) elastic net with subscales is preferred to item rules because, for the latter, the inter-item
correlations will cause too much variance.

6.2. Limitations

We highlight several limitations of this study. First, we focused on linear statistical methods. Future studies should
further explore nonlinear methods such as random forest and support vector machine. Note that the application of several
nonlinear methods has been done on real data by Putka et al. (2018), but not for simulated data. However, it is well known
that measurement error exists in psychological data and that nonlinear methods are sensitive to noise in the data, therefore
these methods are more likely to overfit. Considering that we deal with moderately size data, nonlinear methods might
perform worse. Second, although levels of the design factors in the simulation study were chosen to mirror real applications,
they may not cover the full range of realistic data conditions. Future studies can expand them to cover more complex
situations such as predicting multiple outcome variables and generating items with cross-loadings. Third, the simulations
were focused on tests with a moderate to strong predefined structure. It is likely that due to this design, the unique effects
of the items within subscales are less important than their shared effects for prediction. Thus, a much larger sample size is
needed to properly estimate these unique effects to obtain the consistent advantage of using item rules as shown in other
studies (Putka et al., 2018; Seeboth and Mottus, 2018).

7. Conclusion

Recently, directly using the items of a psychological test to model an outcome has become a popular approach for
prediction. This practice ignores prior knowledge of a group structure that exists among the items. Although this approach
has been shown to provide predictive advantage (Seeboth and Mottus, 2018), our results show the contrary. In fact, with
the help of elastic net, making use of the predefined structure in a multidimensional test through subscales (unit-weighted
sums of items) is recommended.
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Appendix A
A.1. Statistical methods

Let P be the number of predictors K be the number of subscales, i refers to a single object or person and N denotes
the sample size. In addition, let y be a vector of outcome scores, X be a matrix of predictor scores, b a vector of regression
coefficients, F is a matrix of factor scores, and Z is a matrix of component scores.

A.1.1. Ordinary least squares
To estimate the coefficients of a prediction model, OLS uses a loss function that minimizes the squared difference be-
tween the observed values y and the fitted values ¥, as given below

N N P
1 R 1
Lo (b) = N > iy = N > (yi—bo =Y xiphp)*. (15)
i=1 i=1 p=1

OLS finds the regression coefficients b by minimizing Equation (15) on a training set. OLS produces unbiased estimates
(provided the usual assumptions are met) but is known to overfit in small samples, a phenomenon caused by the fact that
its estimates can vary a lot from sample to sample (McNeish, 2015). Thus, OLS has no bias but a large variance.
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A.1.2. Factor score regression
Factor Score Regression (FSR) assumes that the factors are the true predictors of an outcome variable. In general, FSR
contains three steps: confirmatory factor analysis (CFA),> factor score estimation, and prediction rule estimation using OLS.

1. Perform a CFA by fitting a factor model in the training set based on the predefined structure of the items (i.e., the
grouping of the items into subscales). The fitted factor model has a simple structure, whereby each item only loads on
one factor. An example is given below.

X=AF+e, (16)

where F is a matrix with dimension K by N of factor scores, with K < P and e is an P by N matrix containing residual
terms. A is a P by K matrix containing the factor loadings. Residual terms e are assumed to follow a multivariate
normal distribution, with zero means and a diagonal covariance matrix W. Factor scores F are assumed to follow a
multivariate normal distribution with mean &g and a covariance matrix ®. Residual terms e and F are also assumed
to be uncorrelated. Given the above assumptions, the model implied covariance matrix of X denoted by X is calculated
as follows

T=APAT +W. (17)

The identification of the above model is either done by fixing one factor loading per latent variable to 1, or by fixing
the variance of the latent variables to 1.

2. To estimate the factor scores we used the regression method from Thomson (1935). This method uses the estimated
parameters A, & and the inverse of the item covariance matrix ¥ as shown below

F=oA Tz X (18)

3. In the OLS step, we estimate a prediction rule using the factor scores in a regression model to predict an outcome
variable. An example of a prediction rule is given below

A A

§ = bE

Estimation of the factor loadings does not include the outcome variable. Thus, values of the factor loadings are only affected
by the covariance matrix of the items. Assuming that factors are the true predictors of an outcome, the use of factor scores
-instead of subscale scores- in OLS is assumed to reduce bias because factor scores are supposedly free from measurement
error. However, there can be more variance because of the factor score estimation step.

Implementation Confirmatory factor analyses and factor score estimation were performed using the developer version of
lavaan (Rosseel, 2012). For model identification the latent variables were standardized. For model estimation, we used
maximum likelihood when N > P and generalized least squares with a penalized covariance matrix of the items when
N < P due to a non-positive definite covariance matrix. In 1avaan, penalization of the covariance matrix was only possible
for generalized least squares and the value of the penalty did not affect the size of the estimated factor loadings, therefore,
we simply set the penalty to one. The regression method from Thomson (1935) (default in 1avaan) was used to estimate
the factor scores.

A.1.3. Regularization with elastic net
Regularization with elastic net prevents overfitting by adding a penalty to the OLS loss function, which involves the sum
of the squared coefficients and the sum of the absolute coefficients. The loss function of elastic net is defined as

P P
1-«a
Lell’let(b):L()'_S(b)_;’_}L TZb%"‘aZ“’p' . (19)
p=1 p=1

Apart from estimating the coefficients of the predictors, the loss function has two hyperparameters: o and A to be set.
Depending on the level of «, some coefficients of the predictors will be shrunken towards zero and/or to be exactly zero.
This shrinkage introduces bias but reduces variance. The o hyperparameter controls the trade-off between ridge (Hoerl and
Kennard, 1970) and lasso (Tibshirani, 1996) penalty. Ridge and lasso are special cases of elastic net when o =0 and o =1,
respectively. The A hyperparameter determines how the amount of bias is introduced by the penalty. For larger A values,
we impose more bias and in turn smaller variance. When A =0 we end up with OLS estimates. To find the hyperparameter
values that result in the best balance of variance and bias, different combinations of A and « are used and the optimal
combination is determined by cross-validation (CV).

3 The method can also work with exploratory factor analysis.
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Implementation We used R packages glmnetUtils (Ooi, 2021) and glmnet (Friedman et al., 2010) to implement elastic
net. We evaluated o values from 0 to 1 in increments of .10 and a set of As determined by default by the function. The final
rule is based on a combination of & and penalty A with the lowest MSE estimated using ten-fold CV.

A.1.4. Supervised principal components

Supervised Principal Components (SPCA) assumes that certain predictors can be summarized into a set of components
and these components are the true predictors of an outcome variable. Governed by this assumption, the method requires
several steps (more details in Bair et al., 2006).

1. Perform variable selection on X based on the bivariate relationships between predictors and outcome. This is done
by fitting a univariate regression model on every predictor and outcome Y and only retaining those predictors with
coefficients (absolute value) larger than threshold 6. As a result, we end up with a reduced predictor matrix Xy. Note
that this is akin to selecting those predictors that are correlated higher than a certain threshold.

2. Perform a PCA and select a number of components. In this study, the predictors are standardized. Thus, the PCA finds
the matrix of scores Zy and component loadings matrix f\xﬁ that minimize

L(Zg, Ax,) = Xo — ZpAx, |I. (20)

3. Estimate the prediction rule by regressing the outcome on the component score matrix Zy using OLS. Below is an
example of a prediction rule we would obtain based on a one-dimensional solution

y=bo+b129 1,
where Zg 1 is the first principal component, and by denotes the regression weight.

Note that this method does not have a single loss function to obtain the component scores and regression coefficients.

SPCA requires the user to set two hyperparameters, the threshold # and the number of components Q. Considering the
bias and variance trade-off, if we choose a small 6, all variables may be included to form the components, which means
low bias but the variance of the rule may increase. In terms of the number of components, as the number of components
increases, bias decreases. However, the variance increases because not only do we allow for more flexibility in summarizing
the predictor scores but also we increase the number of coefficients to estimate.

Implementation We used the R package superpc (Bair and Tibshirani, 2012) to implement SPCA. The hyperparameters 6
and the number of components Q (typically 1, 2, and 3; Bair et al., 2006) to extract from the reduced predictor matrix are
chosen based on the combination that yields the lowest prediction error estimated using ten-fold CV.

A.1.5. Principal covariates regression
Principal Covariates Regression (PCovR) is similar to SPCA but unlike SPCA, PCovR has a single loss function that simul-
taneously minimizes the weighted sum of the dimension reduction error and the prediction error:

IX — ZAx||? ly — ZAx|*

HEAe ) =y e o =

W] = Zi‘ p wizp is the Frobenius norm of matrix W. Z are the component scores, Ax are the component loadings, and ay are
the regression weights. The first term in this equation is responsible for the dimension reduction of X, whereas the second
term focuses on the prediction of the outcome variable Y given the components. To identify the parameters, the method

sets Z'Z =1, where 1 is an identity matrix of an appropriate size. It thus assumes that the components are orthogonal and
that all components have variance one. For a given set of estimated parameters Z, Ax, ay, the prediction rule is

§—1Za.
Two hyperparameters need to be set for this method, weighting parameter y € [0, 1] and the number of components Q.
The hyperparameter y controls which focus has more weight; when y =0, the solution is similar to an OLS regression
when y =.5, PCovR solution bears similarities with partial least squares (see De Jong and Kiers, 1992), and when y =1,
the solution is equivalent to principal components regression. For interested readers, see Heij et al. (2007) for a comparison
between PCovR and principal components regression. Any value of y between 0 and 1 gives a compromise between PCA
and regression. Note that the method does not result in variable selection.

Given a fixed number of components, as ¥ — 1, we expect less bias as we impose fewer assumptions in the structure

of the predictors. In terms of the number of components Q, the more components we retain, the less bias we have, but we
expect more variance as we need more parameters to estimate in ay.
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Implementation We used the PCovR package (Vervloet et al., 2015) to implement this method. Item scores and outcome
values were standardized before the analysis. To compute the estimated prediction error MSE,, the outcome variable is
rescaled back to the original. We evaluated several number of components (default option is from 1 to P/3; Vervloet et
al., 2015). In the simulation study, for efficiency, we explored 20 possible values in .05 < y < .99. These values were used
as well in Vervloet et al. (2016). In the empirical data examples, we evaluated y values that ranged from .01 to .99 in
increments of .01. The chosen rule is based on the combination of y and the number of components that yield the smallest
prediction error estimated using a ten-fold CV.

A.2. Mixed-ANOVA tables

Table A4
Top 10 within-subjects effects sorted in descending order from a Mixed ANOVA on all seven
prediction rules in experiment 1.

SS df F n3

Rule 27.239 3.424 12856.383 0.311
Rule X nrgin 25.780 6.848 6083.894 0.299
Rule x K 20.660 3.424 9751.339 0.255
Rule X nyrgin X K 14.308 6.848 3376.680 0.192
Rule x signal comps 3.048 10.272 479.501 0.048
Rule x p 1.062 6.848 250.626 0.017
Rule x p x signal comps 0.400 20.545 31.439 0.007
Rule X ngqin X signal comps 0.292 20.545 23.005 0.005
Rule x J 0.255 3.424 120.325 0.004
Rule X ngrgin X 0.251 13.696 29.648 0.004
Error (Rule) 60.409 97628.159

df : Greenhouse-Geisser correction.
All displayed effects are significant at p < .001.

Table A.5
Top 10 within-subjects effects sorted in descending order from a Mixed ANOVA on five pre-
diction rules (excluding OLS subscale rules and FSR factor rules) in experiment 1.

SS df F n3

Rule 2.773 2.886 2290.983 0.074
Rule x signal comps 1.707 8.659 470.178 0.047
Rule X Nrgin 1.045 5.773 431.570 0.029
Rule x K 0.356 2.886 294.318 0.010
Rule X p x signal comps 0.286 17.318 39.448 0.008
Rule X ngqin X signal comps 0173 17318 23.885 0.005
Rule x J 0.153 2.886 126.255 0.004
Rule X J X N¢rain 0.125 5.773 51.595 0.004
Rule x p 0.109 5.773 45.122 0.003
Rule x p x signal comps x K 0.104 17.318 14.269 0.003
Error (Rule) 34.506 82293.571

df: Greenhouse-Geisser correction.
All displayed effects are significant at p < .001.

Table A.6
Top 10 within-subjects effects sorted in a descending order from a Mixed ANOVA on all seven
prediction rules in experiment 2.

ss df F 3

Rule 31.226 3.500 13832.976 0.327
Rule X nfrgin X K 18.949 7.001 4197158 0.227
Rule X nrgin 18.784 7.001 4160.639 0.226
Rule x signal items 14.539 10.501 2146.978 0.184
Rule x K 12.762 3.500 5653.758 0.165
Rule x signal items x K 3.340 10.501 493.275 0.049
Rule x J 3.015 3.500 1335.679 0.045
Rule x ] x signal items 2.837 10.501 418.944 0.042
Rule x p 0.860 7.001 190.404 0.013
Rule x p x signal items 0.799 21.003 58.979 0.012
Error (Rule) 64.361 99804.326

df : Greenhouse-Geisser correction.
All displayed effects are significant at p <.001.
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Table A.7
Top 10 within-subjects effects sorted in a descending order from a Mixed ANOVA on five
prediction rules (excluding OLS subscale rules and FSR factor rules) in experiment 2.

SS df F n3

Rule x signal items 7.689 8.582 1912.883 0.168
Rule 2.823 2.861 2107.326 0.069
Rule X nrgin 2.483 5.722 926.451 0.061
Rule x K 2.482 2.861 1852.820 0.061
Rule x signal items x K 2.022 8.582 502.939 0.050
Rule x J 1.881 2.861 1404.232 0.047
Rule x J x signal items 1.427 8.582 354.942 0.036
Rule x p x signal items 0.580 17.165 72.167 0.015
Rule X ngqin X signal items 0.553 17.165 68.754 0.014
Rule x p 0472 5.722 176.291 0.012
Error (Rule) 38.201 81567.508

df . Greenhouse-Geisser correction.
All displayed effects are significant at p < .001.

A.3. SPCA: variance explained tables
Table A.8

Percentage of variance explained on selected items for 1, 2, and
3 component solutions from SPCA for Data set 1 over folds and

repetitions.
ncomps %selected” %variance explained?®
min mean max
1 88.2% 27.35% 42.77% 57.02%
2 8.7% 38.50% 5717% 70.69%
3 3.1% 49.01% 65.03% 82.62%

2 The percentage of variance explained can be based on different
numbers of items.

b percentage of times this solution is selected over folds and
repetitions (total is 1000 solutions).

Table A.9
Percentage of variance explained on selected items for 1, 2, and
3 component solutions from SPCA for Data set 2 over folds and

repetitions.
ncomps %selected” %variance explained®
min mean max
1 5.8% 14.01% 25.53% 51.65%
2 28.1% 22.21% 34.28% 76.44%
3 66.1% 28.06% 44.04% 92.72%

4 The percentage of variance explained can be based on different
numbers of items.

b percentage of times this solution is selected over folds and
repetitions (total is 1000 solutions)

A.4. Final prediction rules

For each empirical data example, we derived a final prediction rule based on the rule that yielded the lowest estimated
prediction error MSE,. For further details on how these rules were derived see Supplemental Materials. For Data set 1,
we derived a final rule using PCovR on the items with a varimax rotation (Kaiser, 1958). The rotation was performed to
enhance interpretation.

We found that items of the CERQ can be summarized into six components, which is less than the number of the original
nine subscales in the CERQ. These groupings are based on loadings that are higher than 0.4 in absolute values. The final
rule for this test to predict standardized log depression scores is shown below

depr =0.14Z1 +0.31Z3 + (—0.04)Z3 + 0.29Z4 + (—0.34) Z5 + (—0.08) Zs.
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We found that four of the original subscales of the CERQ were grouped into two components, items from positive coping
strategies such as positive reappraisal and refocus on planning load highly on Z;, whereas more negative coping strategies
such as catastrophizing and blaming others had high loadings on Z,. For the other components, we found that the following
items had high loadings on the following components, positive refocusing on Z3, self-blame items on Z4, rumination items
on Zs, and acceptance on Zg. We also found that based on the absolute value of the coefficients, Z, and Z5 were the
two most important components to predict depression. Component 2 had a positive weight, which means, that if a person
scored high on items of negative coping strategies, they will score high on depression. Component 5 had a negative weight.
Since items on rumination had high but negative loadings, this means that if a person scored high on rumination, they also
will score high on depression.

For Data 2, we derived a subscale rule using elastic net. We found that all the original subscales (i.e., ridge penalty was
applied in elastic net) were retained for predicting overall job performance. These effects are not interpreted further there
27 subscales in the PAPI, therefore would be verbose. However, an important takeaway from this example is that researchers
can enhance the predictive performance of a subscale rule by regularizing its coefficients.

Appendix B. Supplementary material
Supplementary material related to this article can be found online at https://doi.org/10.1016/j.csda.2023.107767.
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